Rationale: Electronic noses are successfully used in commercial applications, including detection and analysis of volatile organic compounds in the food industry. Objectives: We hypothesized that the electronic nose could identify and discriminate between lung diseases, especially bronchogenic carcinoma. Methods: In a discovery and training phase, exhaled breath of 14 individuals with bronchogenic carcinoma and 45 healthy control subjects or control subjects without cancer was analyzed. Principal components and canonic discriminant analysis of the sensor data was used to determine whether exhaled gases could discriminate between cancer and noncancer. Discrimination between classes was performed using Mahalanobis distance. Support vector machine analysis was used to create and apply a cancer prediction model prospectively in a separate group of 76 individuals, 14 with and 62 without cancer. Main Results: Principal components and canonic discriminant analysis demonstrated discrimination between samples from patients with lung cancer and those from other groups. In the validation study, the electronic nose had 71.4% sensitivity and 91.9% specificity for detecting lung cancer; positive and negative predictive values were 66.6 and 93.4%, respectively. In this population with a lung cancer prevalence of 18%, positive and negative predictive values were 66.6 and 94.5%, respectively. Conclusion: The exhaled breath of patients with lung cancer has distinct characteristics that can be identified with an electronic nose. The results provide feasibility to the concept of using the electronic nose for managing and detecting lung cancer.
Smelling to establish diagnoses is a time-honored practice in medicine. For example, detecting fetor hepaticus and the putrid smell of anaerobic infections represent but two examples of olfactory diagnosis, which has largely been abandoned in the face of new diagnostic technologies. However, recent advances in odor-sensing technology, signal processing, and diagnostic algorithms have created chemical sensing and identification devices called "electronic noses," which promise to resurrect olfaction as an important diagnostic option. Electronic noses rely on arrays of chemical vapor sensors that respond to specific stereochemical characteristics of an odorant molecule, particularly volatile organic compounds (VOCs) (1) . Multidimensional data obtained from the sensor array can be analyzed by statistical algorithms (e.g., principal components analysis, discriminant function analysis, factor analysis) or by structural algorithms (neural networks) to discriminate and identify odorant samples (2) (3) (4) . Like the human nose, its electronic counterpart responds in concert to a given odor to generate a pattern, or "smellprint," which is analyzed, compared with stored patterns, and recognized.
Human breath contains a mixture of hundreds of VOCs (5), which offers the possibility that this new electronic nose technology may have many medical applications (6) (7) (8) . There may be potential utility for electronic nose technology in medical applications, including identification of bacterial pathogens (6, 7, 9, 10) and pneumonia (8) , and monitoring of glucose control in patients with diabetes (11) . In this context, many VOCs, in particular alkanes and benzene derivatives, measured by mass spectrometry of the exhaled breath have been used to predict the presence of lung cancer in patients (12, 13) . However, the method of mass spectrometry to separate and identify 20 or more VOCs in a complex mixture is cumbersome and requires expensive equipment and highly skilled analysts, which limits its widespread application in screening and diagnosis (14) .
Because the electronic nose is highly sensitive for detecting VOCs, and based on a previous study involving patients with lung neoplasms (15) , we hypothesized that an electronic nose would detect lung cancer on the basis of the complex smellprints of numerous VOCs in exhaled breath from individuals with lung cancer as compared with individuals with other, noncancer lung diseases, or healthy control subjects. Here, we applied support vector machine (SVM) analysis of smellprints of exhaled gases to create a cancer prediction model using a training set of exhaled breath from individuals with cancer or other noncancer lung diseases, or healthy control subjects. To validate the potential utility of smellprint signatures for identifying lung cancer, the discrimination power of the model was tested in an independent sample of 76 individuals. Some of the results of these studies have been previously reported in the form of an abstract (16) .
METHODS

Study Population
We used two independent sets of volunteers for our studies: one for the discovery/training set to create the cancer prediction model and a second group for validating the model. The study population included individuals with bronchogenic carcinoma, healthy control subjects, and well-characterized patients with lung parenchymal, airway, or pulmonary vascular disease from subspecialty pulmonary clinics at the Cleveland Clinic Foundation, including emphysema caused by ␣ 1 -antitrypsin (AT) deficiency, chronic granulomatous disease caused by beryllium exposure, asthma, pulmonary hypertension, and smoking-related chronic obstructive pulmonary disease (COPD). Diagnosis of lung cancer was based on histologic confirmation. All individuals with ␣ 1 -AT deficiency were homozygous for the Z ␣ 1 -AT allele (PI*ZZ phenotype) and had serum ␣ 1 -AT levels below the protective threshold value of 11 mol/L. Diagnosis of chronic pulmonary beryllium disease (CBD) was based on a positive lymphocyte proliferation test for beryllium and the presence of nonnecrotizing granulomata in transbronchial biopsy specimens. Asthma was defined according to the National Asthma Education and Prevention Program Expert Panel Report II guidelines (17) . Pulmonary hypertension was defined as a mean resting pulmonary arterial pressure of greater than 25 mm Hg by right heart catheterization and classified according to the World Health Organization classification of pulmonary hypertension (18) . COPD was defined according to the Global Initiative for Chronic Obstructive Pulmonary Disease (19) . Healthy control individuals were identified by absence of pulmonary symptoms, history of pulmonary disease, and normal lung function. Patients with any acute disease exacerbation, history of cancer, and any active medical condition, such as diabetes, immunosuppression, or coronary artery disease, were excluded from the study. The study was approved by Institutional Review Board of the Cleveland Clinic Foundation, and informed consent was obtained from volunteers.
Study Design
The study was designed in two phases. The discovery and training phase included an initial sample of patients with lung cancer, healthy volunteers, and volunteers with lung disease. In this first phase, a nonblinded analysis of the exhaled breath of individuals was performed to explore possible differences between the study groups. When it was determined that the individuals with lung cancer had a distinct exhaled breath profile, the training set was used to create a model to be validated in the second, validation, phase of the study in which patients with lung cancer, healthy control subjects, and control subjects with other lung disease were evaluated in a cross-sectional blinded manner. All individuals evaluated during the discovery phase were included in the prediction model used in the second phase of the study. In the model, patients with chronic nonneoplastic lung disease were combined with healthy volunteers as "noncancer" control subjects.
Collection of Exhaled Breath
After exhalation to residual volume, the subject inhaled to total lung capacity through a mouthpiece that contained a cartridge on the inspiratory port (Cartridge N7500-2; North Safety Products, Cranston, RI), which removed more than 99.99% of VOCs from the air during inspiration, thus clearing the inhaled air of any ambient contaminants. Individuals exhaled against 10 cm H 2 O pressure to ensure closure of the vellum to exclude nasal entrainment of gas. The exhaled gas was collected through a separate exhalation port of the mouthpiece in a nonreactive Mylar gas-sampling bag (20) . A minimum of five analyses was performed on the exhaled breath of each volunteer.
Sensor Characteristics
Exhaled breath samples were analyzed by a handheld electronic nose, containing 32 polymer composite sensors, a sampling system, a data acquisition system, and a processor (Cyranose 320, Smiths Detection, Pasadena, CA). The sampling system delivers ambient air and the sample vapor to the sensors in sequence. The processor and embedded patternrecognition software collect and analyze the differential responses of the sensors to the sample vapor. Each sensor of the array undergoes a reversible change in electrical resistance when exposed to a vapor or analyte. Furthermore, resistance change of each sensor is unique because of chemical diversity of the sensor materials. Consequently, a pattern of resistance changes is obtained from the sensor array to a given vapor, which is termed a smellprint.
Data Processing and Analysis for Discovery and Training Phase
Sensor response data were processed using Savitzky-Golay filtering and baseline correction (21) . Different processing methods, such as normalization and scaling, were applied to determine the best discrimination among samples. In the discovery phase, sensor response data were analyzed using principal components analysis to reduce the data from 32 individual responses to vectors or principal components (22) . The vectors were calculated to capture the maximum amount of variance in the dataset. The results were plotted in two dimensions using the first two vectors calculated. Statistical analysis using standard measures, such as p values, is not applicable to this multivariate data analysis. Rather, results from principal components analysis were used in canonic discriminant analysis to create a model that maximizes the distance among the two sample classes (i.e., cancer versus noncancer) (23) .
Quantification of the discrimination between two sample classes was performed using the Mahalanobis distance, a measure of class separation between different data clusters (23) . A Mahalanobis distance of 3 or greater indicates that the classes are discrete from each other, and that the sensor array may be able to classify unknown samples belonging to different groups.
SVM Analysis
SVM analysis is a learning algorithm that can perform binary classification, or pattern recognition, by nonlinearly mapping n-dimensional input space into a high-dimensional feature space. In this high-dimensional feature space, a linear classifier, or nonlinear kernel classifier, is constructed, and the model is used to discriminate samples belonging to two different groups. Thus, an SVM learns to discriminate between the members and the nonmembers of a class. After learning the features of the class, the SVM recognizes unknown samples as a member of a specific class. SVMs have been shown to perform especially well in multiple areas of biological analyses, especially functional class prediction from microarray gene expression data and chemometrics (24) (25) (26) (27) (28) . We constructed an SVM classifier with a nonlinear algorithm with Matlab (version 6.5) (Mathworks, Natick, MA) using the training set of sensor response data from subjects with lung cancer, subjects with noncancer disease, and healthy control subjects. Model parameters were optimized using the training set for maximum margin of class separation and minimum training set error (C ϭ 10, width of gaussian ϭ 5; for review, see Reference 20) . The model was applied to a group of unknown samples from a different group of patients with lung cancer, healthy control subjects, and control subjects with other lung disease (i.e., noncancer volunteers). Each participant's exhaled breath was analyzed five times, and the results of the five separate sensor response data considered as the final determinant of lung cancer. In 92% of cases, outcomes of the five samplings were concordant. In the few cases with discordant responses, cancer or noncancer was predicted on the basis of the predominant response for that particular patient (e.g., if one individual had three responses as cancer and two as noncancer, the final assignment was cancer). Sensitivity, specificity, and positive and negative predictive values of the model for the diagnosis of lung cancer were determined. Details of the electronic nose and glossary of terms are provided in an online supplement.
Gas Chromatography and Mass Spectroscopy
Exhaled gas samples from individuals with lung cancer were collected in Tedlar sample bags (SKC, Inc., Eighty Four, PA) and analyzed on a Finnigan Trace gas chromatograph coupled to a Polaris Q Ion Trap Mass Spectrometer (Thermo Electron Corp., Woburn, MA). The gas chromatograph/mass spectrometer was optimized to target molecules with 4 to 12 carbons. Between 500 and 1,000 cm 3 of breath was concentrated on solid-phase thermal desorption tubes and delivered to gas chromatograph/mass spectrometer using an Entech 7100 gas concentrator (Entech Instruments, Simi Valley, CA).
Clinical Data Analysis
Quantitative data are summarized as mean Ϯ SE; categoric data are summarized by frequencies. Two-tailed t-test statistics, 2 , analysis of variance, and analysis of variance on ranks were used where appropriate, with the Bonferroni correction being applied to the significance criterion once pairwise comparisons were made among the study groups.
RESULTS
Discovery and Training
Fourteen individuals with bronchogenic carcinoma (one with small cell carcinoma and 13 with non-small cell carcinoma), 19 with ␣ 1 -AT deficiency, six with CBD, and 20 healthy control subjects were included in the discovery phase (Table 1) . Patients with lung cancer were older and had smoked longer than individuals with ␣ 1 -AT deficiency, CBD, and control subjects (p Ͻ 0.001). Patients with lung cancer had similar FEV 1 (p Ͼ 0.05) Figure 1 demonstrates discrimination between samples from lung cancer, healthy control, ␣ 1 -AT deficiency, and CBD groups. In contrast to patients with ␣ 1 -AT deficiency and CBD, patients with lung cancer clustered distinctly from control subjects. No changes in clustering of samples were observed when patients were grouped by histologic type, pathologic stage, or severity of lung dysfunction. No clustering differences were demonstrated when current smokers and nonsmoking individuals were compared for healthy or disease states, including lung cancer. Therefore, discrimination of subjects with lung cancer is likely related to the disease process and not to smoking.
Canonic discriminant analysis was performed on the data. With the optimal number of vectors, the cross-validation results were 71.6% correct, with a Mahalanobis distance of 3.25 between individuals with lung cancer and normal individuals, as opposed to a Mahalanobis distance of 0.96 for ␣ 1 -AT deficiency and 1.5 for patients with CBD. On the basis of these results, we hypothesized that analysis of exhaled breath by the electronic nose could identify cancer from noncancer.
Fourteen patients with cancer, 19 patients with ␣ 1 -AT deficiency, six patients with CBD, two patients with COPD, and 20 healthy control subjects were included in the training phase to create the SVM algorithm.
Model Validation
Healthy control subjects and volunteers with lung cancer, COPD, asthma, or pulmonary hypertension were prospectively enrolled in the blinded validation study of the cancer prediction model. Exhaled breath was collected from 14 patients with active, nonresected, untreated lung cancer (Table 2) , and from control groups, including the following: 30 nonsmoking healthy volunteers (age, 37 Ϯ 3 years; 11 women), 12 patients with COPD (age, 66 Ϯ 2 years; eight women; FEV 1 , 46 Ϯ 8% predicted; FVC, 68 Ϯ 6% predicted; FEV 1 /FVC, 0.45 Ϯ 0.08), two patients with resected lung cancer in remission (both non-small cell carcinoma, stages IA and IIA), 11 patients with asthma (age, 42 Ϯ Figure 1 . Principal components analysis plot, shown as a two-dimensional projection of the 32-dimensional vector analyses, demonstrates distinct clustering of the samples from patients with lung cancer separate from healthy control subjects (upper panel), whereas patients with interstitial lung disease or emphysema are not separable from healthy control subjects (lower panel). Inset: Example of a typical smellprint derived from the 32 sensor responses, which are used in the multidimensional analyses, from a healthy control subject (black bars) and a patient with lung cancer (gray bars). ␣1-AT ϭ ␣ 1 -antitrypsin; CBD ϭ chronic pulmonary beryllium disease; R ϭ postmeasurement sensor resistance; Ro ϭ baseline sensor resistance. 4 years; eight women; FEV 1 , 82 Ϯ 6% predicted; FVC, 90 Ϯ 6% predicted; FEV 1 /FVC, 0.73 Ϯ 0.03), and seven patients with pulmonary hypertension (age, 48 Ϯ 7 years; four women; primary, three patients; scleroderma-related, one patient;, intracardiac shunt, one patient; chronic thromboembolic disease, one patient; sarcoid vasculitis, one patient; mean resting pulmonary arterial pressure, 40 Ϯ 7 mm Hg). The model correctly identified 330 of 388 independently analyzed exhaled breath samples, with an overall accuracy of 85% (95% confidence interval [CI], 81.1-88.2%; Figure 2 ).
The electronic nose had 71.4% sensitivity and 91.9% specificity. In this population with an 18% prevalence of lung cancer, the positive predictive value of the algorithm for lung cancer was 66.6%, and negative predictive value for diagnosis of lung cancer was 93.4% (Table 3 ). Twenty-eight control patients with noncancer lung disease were correctly identified as noncancer (93.3%; 95% CI, 66.7-99.2). Two of the four false-negative identifications occurred in patients with small cell cancer. Because the original training set consisted primarily of patients with nonsmall cell lung cancer, this could suggest that our cancer prediction model is not optimal for evaluation of patients with suspected The results of the model were reproducible. Five healthy control subjects were repeatedly measured on two to six different occasions, and one patient with lung cancer had measurements done twice, and in all cases, class assignment was correct (data not shown). Discordance occurred in 8% of cases. Assignment as cancer was predicted based on the predominant response (three or more of five) for that particular patient. Incorrect classification of lung cancer as noncancer is noted for two individuals with small cell carcinoma (f, g: all five analyses for each predict noncancer) and two individuals with relatively small primary lesions (h: four of five analyses predict noncancer; i: all five analyses for each predict noncancer). Incorrect classification of control subjects as cancer is noted for an individual with asthma with severe airflow limitation (a: three of five analyses cancer prediction), an individual with primary pulmonary hypertension (PAH; b: all five analyses predict cancer), and three healthy nonsmoking control subjects with no known lung disease (c, e: four analyses predict cancer; d: all five analyses predict cancer). *Indicates breath samples from two different individuals with lung cancer after curative resection of cancer.
Gas Chromatography and Mass Spectroscopy
To characterize VOCs in samples detected by the electronic nose, we performed gas chromatography and mass spectroscopy on exhaled breath of eight individuals with lung cancer from our prospective cohort. Table 4 lists selected VOCs measured and average concentration in parts per billion volume. Of VOCs present, many have been previously reported in different concentrations in patients with lung cancer compared with those without lung cancer (12) (13) (14) .
DISCUSSION
The current study shows that exhaled breath of patients with lung cancer has distinct characteristics that can be identified with an electronic nose. Furthermore, a cancer prediction model based on the signature smellprints of exhaled breath of patients with lung cancer demonstrates an accuracy that suggests that the electronic nose could be a clinically useful tool in noninvasive lung cancer detection. As a part of routine medical health maintenance, screening for early detection of cancers has favorably influenced the survival of patients with cancer, including breast, colon, and prostate cancer (29) . Unfortunately, widely applicable and effective screening for lung cancer, the leading cause of cancer death in the United States today, is not available (30) . Our results are comparable to previous studies evaluating lung cancer detection using gas chromatography and mass spectroscopy of exhaled gases (12, 13) or an electronic nose (15) . The exhaled breath of humans contains a multitude of VOCs, many of which are in ambient air as well as endogenously produced, the most abundant being acetone, methanol, ethanol, propanol, and isoprene (5). Of these, pentane, isoprene, acetone, and benzene have been shown to be present in altered patterns in lung cancer exhaled gas samples analyzed by gas chromatography and mass spectroscopy (12) (13) (14) . The results of gas chromatography and mass spectroscopy in our samples corroborate these findings and suggest that the electronic nose is capable of recognizing this distinct exhaled gas pattern. In comparison to gas chromatography and mass spectroscopy, the use of an electronic nose for detection of lung cancer offers several potential advantages, including ease of administration of the test and portability. In addition, this study brings a new method of sensor response analysis to the field of VOC-based exhaled breath detection of lung cancer.
The mechanisms leading to altered production of multiple VOCs in the exhaled breath of patients with lung cancer are likely related to increased oxidative events associated with the neoplastic process but are not related to cigarette smoking (31) (32) (33) (34) . The identification of patients after resection of lung 350  220  270  350  2160  1100  310  64  Acetone  150  190  870  240  370  260  220  270  Pentane  1  2  3  1  2  2  2  2  Isoprene  140  99  100  190  120  160  120  3  Isopropanol  270  1000  680  230  370  290  390 cancer as noncancer provides further support that the source of the distinct pattern detectable by the electronic nose is the cancer. The high sensitivity for detection of non-small cell cancer suggests that our training set, which contained a preponderance of non-small cell cancer, may have selected for components distinct to this type of lung cancer. Finally, the distinct patterns observed in patients with lung cancer as opposed to those with chronic obstructive lung disease caused by ␣ 1 -AT deficiency, interstitial lung disease and patients evaluated in the validation set with COPD, asthma, and pulmonary arterial hypertension suggest that the findings could not be explained by the presence of airway inflammation or lung dysfunction alone.
Although not directly comparable to the context of this study, it is useful to compare the performance of the electronic nose to that of other noninvasive techniques used in detecting lung cancer. Contrast-enhanced spiral computed tomography has a sensitivity of 95 to 100% and a specificity reported between 58 and 93% (35) . On the basis of a recent meta-analysis, positron emission tomography has 98.6% sensitivity and 77.8% specificity for identifying a malignant process in patients with pulmonary nodules or masses (36) . In contrast to these tests, the analyses of exhaled breath for smellprints characteristic of bronchogenic cancer provide a potentially simple, noninvasive, and inexpensive screening tool.
On the other hand, a recent study using a quartz microbalancebased sensor evaluated 35 patients with active lung cancer, nine with resected disease and 18 healthy control subjects (15) . Using partial least squares discriminant analysis as a supervised technique, the electronic nose had an overall accuracy of 90.3%. Furthermore, all of the patients with active lung cancer were correctly identified, five postsurgery patients were classified as control subjects and one healthy individual was classified as postsurgery. Our study results not only validate these previous observations but also add data from patients with chronic non-neoplastic lung diseases. Collectively, these data suggest that biosensor analysis of the exhaled breath may be useful in the detection of lung cancer.
Still, several limitations of our study warrant comment. First, because many of the subjects in the current study had relatively advanced disease, further work needs to be done in a larger, more diverse population, which includes patients with less advanced disease and those with suspected lung neoplasms. Second, in the context that lung cancer was present in 18% of the validation patient cohort, the predictive values must be interpreted cautiously. Specifically, further study is needed to understand optimal strategies for using the electronic nose in population-based screening (where the negative predictive value would be expected to be higher because of much lower lung cancer prevalence) and in evaluating populations where the lung cancer frequency differs from that in our validation cohort.
Overall, in the context of previous studies documenting alterations in exhaled gases of patients with lung cancer (9) (10) (11) (12) (13) (14) (15) , this study demonstrates the feasibility of clinical monitoring of VOCs in exhaled breath using a multisensor electronic nose as a relatively convenient and noninvasive test in patients with suspected lung cancer.
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